B ecause the accuracy of growth and yield model projections is likely to affect the quality of forest management decisions, models should be evaluated in order to build confidence in their validity (Vanclay et al. 1996) . Rykiel(1996) identified three types of model evaluation: (1) operational validation, (2) conceptual validation, and (3) whether the model provides a scientifically acceptable explanation of the causal relationships included in the model. Finally, data validation checks whether the test data accurately represent the system of interest. Forest growth and yield models, unlike many ecological simulation models, are primarily intended for use by forest managers in the decisionmaking process. Therefore, operational validation is of primary importance and will be considered in this article. Conceptual validation is, in this context, a secondary consideration and is not addressed here. The validity of data is particularly important in the context of model evaluation.
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The operational validation process for growth and yield models may be viewed from two perspectives: (1) hypothesis testing and (2) confidence interval estimation (Reynolds 1984 , Rykiel 1996 . Hypothesis testing procedures are the appropriate tools to determine whether the model mimics the real world by passing some predefined level of accuracy. Confidence interval estimation establishes the degree of confidence that can be placed in model predictions through estimates of the direction, magnitude, and variability of the prediction error (Reynolds 1984) . Because generally accepted standards of accuracy for growth and yield models do not exist and vary from one situation to another, the confidence interval perspective to operational validation is fre-quently more practical than the hypothesis testing perspective and is the approach used in this study (Goodall 1972) .
Objectives of this article are to test the accuracy of predicting the changes in basal area growth and stand density in: (1) ten growth and yield models for Southern Appalachian upland hardwood forests, and (2) four growth and yield models for southern bottomland hardwood forests.
The Southern Appalachian region covers approximately 37 million ac in parts of seven states: Virginia, North Carolina, Tennessee, Kentucky, South Carolina, Georgia, and Alabama (SAMAB 1996) . Forests currently cover 70% of the region. The Southern Appalachian upland hardwood part of this study concentrates on the 16 million ac of the region in either mixed oak (Quercus spp.) or yellow-poplar (Liriodendron tulipiferu> forest. The southern bottomland hardwood part of this study concentrates on the approximately 23 million ac in the eight Southern states (Alabama, Arkansas, Georgia, Louisiana, Mississippi, North Carolina, South Carolina, and Virginia) wetland hardwood forest types (USDA 1988) . Bottomland sites are considered those in which 50% or more of the forest stand is comprised of tupelo (Nyssa spp.), sweetgum (Liquidambar styraciflua), oak (Quercus spp.), and cypress (Taxodium spp.), singly or in combination, with pines (Pinus spp.) contributing less than 25% of the stand. There is, however, a good deal of discrepancy in how wetland forests are defined and measured (Cubbage and Flather 1993) .
Methods

The Models
A literature review revealed ten candidate growth and yield models with the potential for predicting growth in southern hardwood forests (Table 1) . To be included, a model had to be publicly available and be able to forecast the growth of the appropriate species found in the region. Four of the models, CSTWIGS, NETWIGS, OAKSIM, and SILVAH, were developed outside the region of interest for this study. Their authors never intended these models to be used in the South. However, the species and stand structures for which these models were developed are similar to those in the southern region, and it seemed reasonable to test their utility in this region. To the extent that these models have been validated before (Schuler et al. 1993) , this study may be viewed as a revalidation test to determine whether the model is acceptable for use in a new region (Rykiel 1996) . If any of these four were to pass this test, then its applicability would increase.
Two more models, SETWIGS and GATWIGS, were developed from USDA Forest Service, Forest Inventory and Analysis data (Table 1) . NATPIS was developed from yield tables directly applicable to the Southern Appalachian region. The remaining three models, GHAT, MIXOAK, and YPOP, were all developed from permanent research plot data within the Southern Appalachian region.
All ten models in Table 1 were evaluated for accuracy using the Southern Appalachian upland hardwood forest data set (hereafter referred to as the "upland hardwood" data set). Only four of the ten models, NETWIGS, CSTWIGS, GATWIGS, and SETWIGS, could be used to simulate bottomland hardwood forest growth because only these contained the required bottomland species. These models were evaluated for accuracy using the southern bottomland hardwood forest data set (hereafter referred to as the "bottomland hardwood" data set).
The Upland Hardwood Test Data Set
Data consisted of 236 permanent plots from 4 ongoing experiments: (1) Yellow-Poplar Stand Density Study (Olson 1959 , Della-Bianca 1965 ; (2) Mixed Hardwood Stand Density Study (Beck 1973) ; (3) Mixed Hardwood Unthinned Control Plots (Beck 1973) ; and (4) Yields of Unthinned Mixed Hardwood Stands (Smith et al. 1975) . The plots were located in North Carolina, Virginia, Georgia, Tennessee, and South Carolina and were remeasured at 5 yr intervals. All but 32 plots were thinned from below at the time of installation to obtain a range of basal areas for different site-age combinations.
For practical reasons, the test data set had to be reduced in size to be manageable. Many of the models tested could not execute a batch of plots automatically, thereby requiring each observation in the test data set to be individually run. A 10 yr remeasurement interval was used to represent short-term growth predictions. The data yielded 397 such 10 yr intervals without overlapping the measurement year. Cluster analysis, using SAS PROC CLUSTER (SAS 1990) and specifying Ward's minimum-variance method of clustering with a 5% trimming of the data to exclude outlier influence and data standardization to reduce undue influence of variables with large variance, was used to identify homogeneous clusters of (Smith et al. 1975 ). Plots were grouped by site type as: (1) nonswamp forests ( 41 plots) and (2) swamp forests (8 plots) (Kellison et al. 1982) . Nonswamp forests are generally characterized by mineral soils, relatively rapid drainage, floodplain and alluvial landscape positions, and a wide variety of tree species, including sweetgum (Liquidambarstyruciflua), ash (Fraxinus spp.), oak (Quercus spp.), and red maple (Acer rubrum). Swamp forest sites are characterized by organic soils or heavy accumulations of organic material over mineral soil, relatively slow drainage or flooded conditions, extremely low or depressed landscape positions, and they are dominated by relatively few tree species, such as water tupelo (Nyssa aquatica), black gum (Nyssa sylvatica), and bald cypress (Taxodium distichum). These two categories, while ignoring the great variety of specific site and stand types across the southern bottomland region, provide a useful division in large-scale growth and yield model evaluations, such as in the current study.
Plots were located in reasonably well-stocked stands, avoiding stands showing evidence of major disturbance. No thinnings wereconducted. At establishment, the stands ranged from 10 to 40 yr in age, 66 to 125 ft in site index (base age 25 yr), and 31 to 373 ft2/ac of basal area. Plots were remeasured as many as 6 times on a 5 yr remeasurement cycle. A total of 107 observations were used from the 49 permanent sample plots with time intervals of 10 yr as the minimum and 25 yr as the maximum.
Performance Measures
In technical parlance, accuracy refers to the size of the deviation between observed and predicted values. Accuracy has two components: bias and precision. Bias refers to the success of estirnating the true value of a quantity and precision refers to the clustering of sample values about their own average. Freese (1960) pointed out problems with using a ttest for this purpose. Reynolds (1984) expanded on the work by Freese and presented a complete system for testing accuracy. Software to implement the methodology advocated by Reynolds (1984) has been developed (Rauscher 1986) and further refined (Gribko and Wiant 1993, Wiant 1993 ). Accuracy testing studies using this method have been widely reported (Brand and Holdaway 1989 , Schuler et al. 1993 , Wiant et al. 1996 .
The DOSATEST program (Wiant 1993 ) was used to calculate bias in percent and whether the level of bias was significant significantly different from zero. The software also calculated a tolerance interval (TI) which indicates the limit that contains 75% of all future prediction errors 95% of the time. This limit is calculated as the mean bias plus and minus the TI (Wiant et al. 1996) .
The mean square error (MSE) and prediction accuracy at f15% (PA-15) statistics were calculated because they combine the effect of bias and precision to yield a unified estimate of prediction accuracy (Devore'1982, Clutter and Gent 1992) . The MSE of the residuals, a commonly calculated statistic, has one major drawback. The MSE of one study cannot be used to compare results with other studies. The PA-15 statistic is a readily understandable and simple to calculate estimator of the proportion of time the candidate model predictions come within +15% of the observed value. The PA-15 statistic is a somewhat arbitrary but reasonable standard suggested by Schuler et al. (1993) and Rykiel(1996) . The PA-15 statistic, unlike the MSE, can be used to compare the results of one accuracy testing study to another. In general, the greater the bias and/or the less the precision, the less accurate is the estimator which translates into a larger MSE and a smaller PA-15 value.
Test Procedures
Each of the ten candidate models, except GHAT, MIXOAK, and YPOP, was first tested against the entire upland hardwood data set of 184 observations. GHAT, MIXOAK, and YPOP were tested against 164 observations of the upland hardwood data set, eliminating data which had been used to fit the coefficients of these models. Four models, CSTWIGS, GATWIGS, NETWIGS, and SETWIGS were tested against the entire bottomland hardwood data set of 107 observations. In both cases, model predictions for stand basal area and stand density (trees per acre) were compared to observed values for each observation in the test data sets and the results averaged into a single MSE and PA-15 value for each model. This average value was then used to establish the overall accuracy ranking of the models.
Tree growth and mortality are the major components of growth models. Stand basal area was selected to test the growth prediction component of each of the ten models. It is a directly estimated and observable quantity. Similarly, stand density was used to test the mortality component of each of the models. Dbh is redundant because it is functionally related to stand basal area and density. Volume was not used because it is a derived attribute (Brand and Holdaway 1989) . Furthermore, volume causes discontinuities due to merchantability criteria that have nothing to do with the physical dynamics of tree growth and mortality.
The top ranked models were chosen to undergo a more detailed analysis of their prediction performance where accuracy was decomposed into separate estimates for bias and precision. The detailed analyses examined various subsets of the data to determine how accuracy was influenced by forest or site types, treatment, site index, basal area, trees per acre, age, and growth interval length comparisons. Forest type comparisons were between mixed oak and yellow-poplar for the upland hardwood data set, and between swamp and nonswamp site types for the bottomland hardwood data set. Treatment comparisons for the upland test data set were thinned from below versus no treatment. The bottomland hardwood test data set contained no thinned plots. Growth interval comparisons were short (<lo yr) versus long (>lO yr). The other continuous variables-site index, basal area, trees per acre, and age-were subdivided into lower quartile, middle half, and upper quartile subsets.
Results
Overall Model Performance
For upland hardwoods in the Southern Appalachian region, the GHAT and YPOP models were the most accurate of the ten models tested as measured by the average of the PA-15 and MSE values for stand basal area and stand density ( Table 2 ). The fact that,YPOP is limited to predicting the growth of yellow-poplar dominated forest stands whereas GHAT is able to predict both yellow-poplar and oak dominated forest stands, leads us to rank GHAT as the more generally useful model. When GHAT is evaluated for yellow-poplar dominated stands only, its performance is as good as that of YPOP (Table 2) .
NATPIS and MIXOAK make up the next most accurate group of models in this study (Table 2) . NATPIS is interesting because it is the only stand-level model in this evaluation and the only one based on published yield tables instead of plot data. The input requirements for NATPIS, basal area and trees/at for up to five species groups, are less expensive to acquire than the input requirements for tree level models such as GHAT. MIXOAK, one of two diameter distribution models evaluated, shares the modest input requirements of NATPIS, but is not as accurate as either NATPIS or GHAT.
NETWIGS, SILVAH, and OAKSIM make up the third most accurate group of models in this study (Table 2) . NETWIGS and SILVAH are the highest ranking, extra-regional models. On the basis of accuracy (MSE and PA-15) alone, they cannot be separated. NETWIGS may be more attractive to users than SILVAH because it has been imported into the USDA Forest Service's Forest Vegetation Simulator, a widely used, well supported growth and yield model management system (Teck et al. 1996) . Although substantially less accurate in this test than either GHAT or NATPIS, NETWIGS is more comprehensive because it can be used to forecast growth for the other 26% of the Southern Appalachian forested landscape that neither of the two more accurate models cover. OAKSIM can only be used for oak dominated forests and is somewhat less accurate than either NETWIGS or SILVAH. Based largely on desirable model features other than accuracy, we selected NETWIGS rather than SILVAH to represent the "best" of the extra-regional models for the more detailed subset comparisons reported in the next section.
The remaining models, GATWIGS, CSTWIGS, and SETWIGS cannot be recommended for predicting upland hardwood growth and yield in the Southern Appalachian region. These models may do very well when restricted to their intended regions and forest types, but they do poorly for the medium to high quality oak and yellow-poplar dominated forests in the Southern Appalachian region.
SETWIGS proved the most accurate of the four models tested for the Southern bottomland hardwood data (Table 2) , with a PA-15 value of 71%. NETWIGS, GATWIGS, and CSTWIGS were much less accurate with PA-15 values ranging from 5 1 to 57%.
Specific Model Performance
GHAT, NATPIS, and NETWIGS for the upland hardwoods and SETWIGS for the bottomland hardwoods were subjected to a more detailed analysis in order to identify specific forest conditions where these models do exceptionally well or exceptionally poorly. In general, dense, young stands of both upland * PA-15 = the average accuracy that the predicted value fell within f15% of the observed value for basal area and trees per acre estimates combined. t MSE = the average mean square error for basal area and trees per acre estimates combined on a percent basis. tt For yellow-poplar test data only, GHAT results are: PA-15 = 94%; MSE = 55%. and bottomland hardwoods are poorly predicted by the models (Tables 3-5) . The youngest plots in the test data set were 18 yr old for the upland hardwood data set and 1.0 yr old for the bottomland hardwood data set.
GHAT
GHAT was found to be an unbiased predictor of yellowpoplar and mixed oak basal area growth and density when tested against the full test data set (Table 3) . The model is capable of predicting future values of basal area to within 15% of the observed values and trees per acre to within 12% of the observed values 75% of the time with 95% probability. Different levels of performance are found as the test data set is subdivided by species, treatment, site index, stocking density, age, and growthinterval length (' Table 3 ). Yellow-poplar plots were more accurately predicted than mixed oak plots. GHAT underpredicts mixed oak basal area growth by 4%, and the predictions are much less precise than those for yellow-poplar basal area growth. The tolerance interval is 5% greater than for yellowpoplar and the PA-15 value decreases from 91 to 72%. GHAT underpredicts yellow-poplar density by 1%. After being thinned, yellow-poplar plots had less mortality than GHAT predicts. Stand density predictions are also more accurate for yellowpoplar than they are for mixed hardwood with GHAT. It seems yellow-poplar basal area growth and density changes are easier to predict than the same values for mixed oak. This result is not unexpected given the much greater degree of variability in mixed oak stands.
For basal area growth predictions, the following results can be observed from Table 3: 1. thinned plots were underpredicted by 2%, while plots with no treatment exhibited greater variability and consequently lower accuracy;
2. plots in the middle half of the site index range were well predicted, upper quartile site index plots had greater variability, and lower quartile site index plots were underpredicted by 5% as well as exhibiting lower precision;
3. plots in the lower quartile of the basal area stocking range were less precisely estimated;
4. plots in the upper quartile of the density stocking range were underpredicted by 4%;
5. plots with younger trees were predicted less precisely; and 6. the short-growth interval plots were underpredicted by 5%, whereas the long-growth interval plots were overpredicted by 3% with an associated decrease in precision. For stand density predictions, the following was observed Predictions for unthinned stands are less accurate than from Table 3: those for thinned stands.
1. on thinned plots, density was underpredicted by 1% but precision was high; NETWIGS 2. on unthinned plots, density was overpredicted by 9% accompanied by lower precision; and 3. density was estimated with noteworthy accuracy (no bias and high precision) in most other tests.
NATPIS
NATPIS was found to be a biased estimator for predicted basal area growth and an unbiased predictor of stand density (Table 3) . As pointed out previously for GHAT, NATPIS also illustrates that yellow-poplar basal area, and density can be predicted more precisely than the same variables for mixed oak, reflecting the higher degree of variation in mixed oak stands. NATPIS predicts basal area growth very well for young stands with low basal area and low density. It predicts stand density well for all combinations of basal area and trees per acre. Basal area growth predictions are less accurate for middle aged stands with no treatment, for average to low site index stands, and for stands with average to high basal area and density.
NETWIGS was found to be a biased estimator for both basal area growth (-9%) and trees per acre (-8%) ( Table 4) . The fact that precision, as measured by the TI, is not much worse than that for GHAT or NATPIS, makes it possible to correct for bias. Predicted basal area for each plot was increased by 9%. Similarly, predicted trees per acre for each plot was increased by 8%. The results of this "locally calibrated" evaluation are in Table 4 . After correction for bias, the locally calibrated version of NETWIGS was found to be an unbiased estimator for both basal area growth and trees per acre. The model underpredicts high basal area stands by 4%.
It is less precise for mixed hardwood stands, for stands of average basal area, for low density stands, and for older stands. NETWIGS also underpredicts yellow-poplar density by 2% (calculates higher mortality than observed on the plots), overpredicts density of no-treatment stands by 5% (calculates lower mortality than observed), underpredicts density for high quality sites by 4%, and underpredicts density for long growth intervals by 4%. Again, predictions for unthinned stands are less accurate than those for thinned stands. It should be noted that forest managers can correct basal area and density estimates from NETWIGS in the same way we did. The first step is to use NETWIGS to estimate stand basal area and density. Next, increase the predicted basal area by 9% and increase the predicted density value by 8%. The resulting estimates are locally calibrated and are expected to attain the levels of accuracy shown in Table 4 .
SETWIGS
SETWIGS was found to be a biased estimator of southern bottomland hardwood growth for both basal area and density when tested against the full bottomland data set (Table 5 ). The model underestimated basal area by 9% and trees per acre by 6%. SETWIGS was found capable of predicting future values of basal area to within 30% of observed values and density to within 36% of observed values 75% of the time with 95% probability. SETWIGS predicts southern bottomland hardwood forest growth and mortality with less accuracy than GHAT or even NETWIGS does for Appalachian upland hardwood forests.
Different levels of performance were found as the test data set was subdivided by site type, site index, basal area, density, age, and growth interval (Table 5 ). For basal area growth predictions, the following results were observed for SETWIGS:
1. nonswamp stands can be predicted with less bias than swamp stands;
2. stands with basal area in the lower quartile showed more bias and generally less precision than middle half or upper quartile stands;
3. stands with density in the upper quartile showed more bias and generally less precision than middle half or upper quartile stands;
4. predictions for young stands are substantially poorer than for older stands; and 5. no differences were detected due to length of the growth interval.
For density predictions, the following results were observed for SETWIGS: nonswamp stands can be predicted with less bias than swamp stands; plots with site indices in the lower quartile were much more accurately predicted than any other types of plots; plots with low basal area and high density are very poorly predicted; and trees per acre were overpredicted for older plots and underpredicted for younger plots, indicating that NETWIGS calculates too little and too much mortality for older and younger plot types, respectively. 
Discussion
GHAT was able to predict basal area growth and density for Southern Appalachian upland hardwood forests to within f15% of the observed value 86% of the time. This level of accuracy is surprising given the fact that GHAT was developed using only the first two 5 yr remeasurements of the mixed oak study, one out of the four used in this evaluation. These plots made up only 11% of the total Appalachian test data set and were removed from the data set for the GHAT evaluation. The remaining records contained plots representing different conditions than those used to fit the GHAT model originally. For example, growth intervals of 15-25 yr, unthinned conditions, and plots dominated by yellow-poplar were in the test data set but were not used to develop GHAT (Harrison et al. 1986 ). This suggests that the growth and noncatastrophic mortality of mature Southern Appalachian hardwood forests may be readily predictable. Our results seem to indicate that it may take only a relatively short period of time, in this case 10 yr, to accumulate enough data to develop usefully accurate predictive models of overstory growth and mortality.
Stands where yellow-poplar dominates the overstory are more accurately predicted than mixed oak stands. GHAT comes to within f15% of the observed basal areas 91% of the time and to within f15% of density observations 98% of the time. This result is interesting because 54% of the plots in the test data set were composed of yellow-poplar dominated plots, where this species made up over 90% of the basal area. No such plots were used to develop the GHAT model. These results underscore the intuitive conclusion that the greater the species homogeneity of the overstory, the more accurate forest growth and mortality predictions can be.
GHAT's performance may have been overestimated because the test data was drawn from studies that were used to develop the model coefficients, despite our removal of the specific plots in question for the accuracy test (Tukey 1977) . It is therefore interesting to examine NETWIGS, the best of the models that were completely independent of the test data set, in more detail (Table 4) . Our study found that NETWIGS can forecast basal area growth and density to within f15% of the observed value, on average, 78% of the time based on 184 observations. In comparison, Schuler et al. (1993) , found that NETWIGS can come within f15% of the observed value 64% of the time for all stand variables tested for the oak-hickory forest type in New York, Kentucky, and Ohio based on 29 observations. For Ohio alone, NETWIGS can predict to within f15% of the observed value 79% of the time for all stand variables tested for the oak-hickory forest type, a total of seven observations. The performance of NETWIGS for the oak-hickory forest type in Ohio appears to be equal in accuracy to our results but lower for the northeast region as a whole. These results may be an anomaly of the small sample size of the Schuler et al. (1993) study. NETWIGS underestimates basal area by 9% in the Southern Appalachian region (Table 4) and by 7% in the northeast (Schuler et al. 1993) . The model underestimates density by 8% in the Southern Appalachian region (Table 4) and by 4% in the northeast. The TI values are roughly the same in both studies. A bias correction of 9% for basal area and 8% for density can be applied to NETWIGS to improve its accuracy to come within f15% of the observed basal area and density 85% of the time, on average. This compares favorably with the accuracy test results for GHAT. In this case, a correction of the bias is helpful because the precision, as measured by the TI, is only slightly larger than that of GHAT and does not change substantially as a result of the bias correction.
Our study also confirmed the findings of Holdaway and Brand (1986) , Kowalski and Gertner (1989), and Shortt and Burkhart (1996) that accuracy decreases with increasing length of the projection period. Kangas (1997) also found that both variance and bias of predictions increase with increasing simulation time from 5-50 yr. In our study, all test results for GHAT, NATPIS, and NETWIGS corroborated this relationship. Various accuracy testing studies have been able to directly test projection lengths of between 10 and 40 yr. In this study, an increase of projection length from 10 to 20-25 yr using the model GHAT resulted in a reduction in PA-15 from 91% to 78%. Extrapolating this rate of 13% reduction in accuracy for every 20 yr increase in projection length might result in the following relationship: Forest management planning in the USDA Forest Service routinely requires using growth and yield models with projection lengths of 100 to 300 yr. Depending on how results are used, such long projection lengths for growth and yield models may admit unacceptably large inaccuracies into the decision making process. Use of the best models in this evaluation for long-term (e.g. >40 yr) predictions of overstory growth and mortality should be approached with caution. An exponential increase in prediction error levels "far in excess of reasonable model utility" should be expected with projection lengths greater than 30-40 yr (Mowrer and Frayer 1986, Kangas 1997) . On the other hand, long projection lengths may still be useful if the goal is to assess overall trends for a timber type to support forest level decision making.
The results of this study indicate that currently available models do not perform as well for southern bottomland hardwood forest conditions as they do for Southern Appalachian upland forest conditions. No specific growth and yield models have yet been developed for southern bottomland hardwoods, so this result is not surprising. However, models developed for other regions and forest types are being used or considered for use with bottomland hardwoods, and we felt it was important to assess their accuracy characteristics to provide guidance for forest management decision-making in southern bottomland forests. Our accuracy evaluation using the bottomland test data set resulted in SETWIGS as the most accurate model of the four tested (Table 2) . SETWIGS was able to predict SJAF 24 (3) 2000 183 basal area and trees per acre to within f15% of the observed values 7 1% of the time, on average, based on 107 observations. The detailed test comparisons showed that SETWIGS is a biased predictor (Table 4) , underpredicting basal area by 9% and trees per acre by 6%. For predicting Southern bottomland hardwood dynamics, SETWIGS is also substantially less precise, as measured by the tolerance interval, than GHAT for Southern Appalachian upland hardwoods. A simple bias correction, as suggested for NETWIGS above, is not likely to improve overall accuracy significantly because of poor precision of the estimates. The need for an unbiased and more precise growth and yield model for southern bottomland hardwood conditions is evident.
Conclusion
The accuracy of ten growth and yield models for Southern Appalachian upland hardwood forests and southern bottomland forests was evaluated. GHAT, NATPIS, and the locally calibrated version of NETWIGS may be regarded as being operationally valid models for growth and yield predictions for Southern Appalachian yellow-poplar and mixed oak forests that fall within the range of characteristics of the test data set. In brief, these characteristics are: even-aged, yellow-poplar or mixed oak dominated overstory, dry-mesic to wet-mesic moisture regimes, 20 to 100 yr in age, and 25 to 230 ft2/ac of basal area. For yellow-poplar dominated stands, the appropriate site index range is 74 to 138 ft (base age 50) and for mixed oak the appropriate site index range is 60 to 110 ft (base age 50 for northern red oak). These results are not valid for: xeric oak forests, mixed-aged hardwood forests, heavily disturbed forests (e.g., those with high-grading), or so-called old growth forest conditions where overstory trees are approaching biological old age and experiencing significant dieback and top breakage.
No publicly available growth and yield model has been specifically developed for southern bottomland hardwood forests. Four general models that contain most of the applicable species to predict growth of these forests were evaluated. SETWIGS was found to be the most accurate of the tested models and is recommended for use if the reported level of accuracy is acceptable and the target stand characteristics fall within the range of our test dataset. These characteristics are: even-aged, swamp or nonswamp sites, 10 to 60 yr in age, and 30 to 370 ft2/ac of basal area. The appropriate site index range is 66 to 125 ft (base age 25 yr). SETWIGS is, however, far less accurate in predicting stand basal area and density than the best of the comparable upland forest growth and yield models in this study. The need for an unbiased and more precise growth and yield model for southern bottomland hardwood conditions is evident.
